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CONFIGURATION PRICE QUOTE WITH
ENHANCED APPROVAL CONTROL

FIELD

One embodiment i1s directed generally to a computer
system, and 1n particular to the generation of product con-
figurations and quotes with a computer system.

BACKGROUND INFORMATION

Configure-price-quote (“CPQ”) systems, also known as
sales configuration systems, allow users to create a sales
quotation that can include an arbitrary number of products or
services (collectivity, “products™), some of which may be
configurable. Both products and services (such as complex
financial instruments) may be configurable to generate both
product configurations and services configurations.

Existing CPQ systems are designed for use by companies,
typically manufacturers or service providers, who ofler
configurable products or services for sale. The systems are
normally designed to be administered by agents of the same
entity that manufacturers the product. Complex configurable
products used in business are often sold directly from the
manufacturer to the purchasing company. These types of
sales may be referred to as business-to-business or B2B
transactions.

CPQ systems may facilitate the process of selling com-
plex configurable product by automating product configu-
ration. Business rules (“configuration rules” and “pricing
rules”) that determine how the product 1s configured and
priced may be encoded 1n the soitware application, and may
be executed when the user creates a quote for the configured
product. The business rules ensure that the product i1s
correctly configured, that required product components are
included, and that incompatible product options are prefer-
ably not selected. Pricing rules may apply complex logic like
bundle discounts to the price.

Configurable products, especially those sold in B2B trans-
actions, can be very complicated. Configuration and pricing
rules that govern the configuration and pricing of a complex
product can number 1n the thousands or even hundreds of
thousands. Examples of such highly complex products
include cellular network base stations, automated material
handling system 1n a large warchouse, and long-haul semi
tractors. Even comparatively simple products such as diesel
generators, custom windows, and HVAC air handlers can
have hundreds or thousands of business rules.

When configuring a product or service, a user such as a
sales user typically requires approval before 1ssuing a price
quote for the configured product. The need for an approval
typically relies on predefined rules in the CPQ system. For
example, 11 a price discount of a configured product exceeds
20% and 1s less than 50%, a rule could require approval of
a sales manager. If the price discount exceeds 50%, a rule
could require approval of both a sales manager and a sales
vice president.

SUMMARY

Embodiments operate a configurator that generates a
quote for a product or service configuration, the quote
including a quote workilow that includes at least one
required quote approval and the quote includes a plurality of
quote attributes that define the quote. Embodiments 1nput
the plurality of quote attributes into a first neural network
model and a second neural network model. Embodiments
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2

generate at the first neural network model and with a
gradient descent a likelihood that the quote will be approved
and at the second neural network model a time required for
the quote to be approved. Embodiments generate one or
more attributes with the largest gradient values for the
likelihood that the quote will be approved and the time
required for the quote to be approved. Embodiments receive
a change to one or more of the attributes and regenerate the

likelihood that the quote will be approved and/or the time
required for the quote to be approved based on the change.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 15 a block diagram of a computer server/system 1n
accordance with an embodiment of the present invention.

FIG. 2A 1llustrates an example neural network 1n accor-
dance with embodiments of the invention.

FIG. 2B 1s a plot illustrating what 1s learned 1n accordance
to embodiments.

FIG. 3 illustrates the gradient at a specific point 1n
accordance to embodiments for each of the attributes.

FIG. 4A 1llustrates an example neural network that can be
used to predict approval time to approve a quote 1 accor-
dance to an embodiment of the invention.

FIG. 4B 1llustrates a graph of the modelling of an output
ol the neural network 1n accordance to an embodiment of the
invention.

FIG. 5A illustrates a graph of the modelling of an output
ol the neural network 1n accordance to an embodiment of the
invention.

FIG. 5B illustrates a graph of the modelling of an output
of the neural network 1n accordance to an embodiment of the
invention.

FIGS. 6 A-6C 1llustrate graphical user interfaces that are
presented to a user as part of the quote approval process in
accordance to one embodiment.

FIG. 7A illustrates example graphical user interfaces that
provide the output of approval likelihood to the user in
accordance to embodiments.

FIG. 7B 1illustrates example graphical user interfaces that
provide the output of predicted approval time to the user in
accordance to embodiments.

FIG. 8 1s a flow diagram of the high level functionality of
the quote approval module of FIG. 1 when providing
enhanced quote approval functionality for a CPQ 1n accor-
dance with one embodiment.

DETAILED DESCRIPTION

One embodiment 1s a service or product configurator
which provides guidance, using machine learning, on the
workiflow process required to get a configured quote
approved, including recommending changes to a quote to
increase the chance that a quote will get approved or how to
decrease the time needed for approval.

In general, with known CPQ or configurator systems,
sales users submitting quotes for approval are given no
indication what 1s likely to happen next or how long this step
1s likely to take. The user 1s also generally blind to how
likely the quote 1s to get approved or the expected time that
it will take. Further, with known systems there generally 1s
no guidance to recommend anything else that the user could
do to make an approval more likely or to decrease the time
to approve.

FIG. 1 1s a block diagram of a computer server/system 10
in accordance with an embodiment of the present invention.
Although shown as a single system, the functionality of
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system 10 can be implemented as a distributed system.
Further, the functionality disclosed herein can be imple-
mented on separate servers or devices that may be coupled
together over a network. Further, one or more components
of system 10 may not be included. For example, for func-
tionality of a server, system 10 may need to include a
processor and memory, but may not include one or more of
the other components shown 1n FIG. 1, such as a keyboard
or display.

System 10 includes a bus 12 or other communication
mechanism for communicating information, and a processor
22 coupled to bus 12 for processing information. Processor
22 may be any type of general or specific purpose processor.
System 10 further includes a memory 14 for storing infor-
mation and instructions to be executed by processor 22.
Memory 14 can be comprised of any combination of random
access memory (“RAM”), read only memory (“ROM”),
static storage such as a magnetic or optical disk, or any other
type of computer readable media. System 10 further
includes a communication device 20, such as a network
interface card, to provide access to a network. Therefore, a
user may interface with system 10 directly, or remotely
through a network, or any other method.

Computer readable media may be any available media
that can be accessed by processor 22 and includes both
volatile and nonvolatile media, removable and non-remov-
able media, and communication media. Communication
media may include computer readable instructions, data
structures, program modules, or other data in a modulated
data signal such as a carrier wave or other transport mecha-
nism, and includes any information delivery media.

Processor 22 1s further coupled via bus 12 to a display 24,
such as a Liquid Crystal Display (“LCD”). A keyboard 26
and a cursor control device 28, such as a computer mouse,
are Turther coupled to bus 12 to enable a user to interface
with system 10.

In one embodiment, memory 14 stores software modules
that provide functionality when executed by processor 22.
The modules include an operating system 13 that provides
operating system functionality for system 10. The modules
turther include a quote approval module 16 that provides
enhanced quote approval functionality for a CPQ, and all
other functionality disclosed herein. System 10 can be part
of a larger system that uses the disclosed quote approval
functionality, such as a CPQ system (e.g., “CPQ Cloud”
from Oracle Corp.) or an Enterprise resource planning
(“ERP”) system. Theretfore, system 10 can include one or
more additional functional modules 18 to include the addi-
tional functionality. When processor 22 executes at least
soltware module 16, system 10 becomes a special purpose
computer provides enhanced quote approval functionality as
disclosed herein.

A database 17 1s coupled to bus 12 to provide centralized
storage for modules 16 and 18 and store product attributes,
financial data, inventory information, sales data, etc., and all
other data needed for modules 15, 16 and/or 18. In one
embodiment, database 17 1s a relational database manage-
ment system (“RDBMS”) that can use Structured Query
Language (“SQL”) to manage the stored data. Database 17
may be local to the other components of FIG. 1, or remote
such as on the cloud.

In one embodiment, particularly when there are a large
number of configuration details to be searched, database 17
1s 1implemented as an in-memory database (“IMDB”). An
IMDB 1s a database management system that primarily
relies on main memory for computer data storage. It 1s
contrasted with database management systems that employ
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4

a disk storage mechanism. Main memory databases are
faster than disk-optimized databases because disk access 1s
slower than memory access, the internal optimization algo-
rithms are simpler and execute fewer CPU instructions.
Accessing data 1n memory eliminates seek time when que-
rying the data, which provides faster and more predictable
performance than disk.

In one embodiment, database 17, when implemented as an
IMDB, 1s implemented based on a distributed data grid. A
distributed data grid 1s a system 1n which a collection of
computer servers work together 1n one or more clusters to
manage information and related operations, such as compu-
tations, within a distributed or clustered environment. A
distributed data grid can be used to manage application
objects and data that are shared across the servers. A
distributed data grid provides low response time, high
throughput, predictable scalability, continuous availability,
and 1information reliability. In particular examples, distrib-
uted data grids, such as, e.g., the “Oracle Coherence” data
orid from Oracle Corp., store mnformation mm-memory to
achieve higher performance, and employ redundancy 1in
keeping copies of that information synchronized across
multiple servers, thus ensuring resiliency of the system and
continued availability of the data i1n the event of failure of a
Server.

In one embodiment, system 10 1s a computing/data pro-
cessing system including an application or collection of
distributed applications for enterprise organizations. The
applications and computing system 10 may be configured to
operate with or be implemented as a cloud-based networking
system, a soft are-as-a-service (“SaaS””) architecture, or
other type of computing solution.

As disclosed above, a CPQ system or product/system
conflgurator can generate a configuration and pricing for the
configuration that 1s offered for sale to a user 1n the form of
a quote. Typically, depending on predefined rules, the quote
must be approved before being offered for sale. In embodi-
ments, a quote approval 1s a step 1n a quote worktlow that
must pass before a quote can be sent to fulfillment services.
Known systems such as “CP(Q Cloud” from Oracle Corp.
allow an administrator the ability to generate a tree based
approval structure, forcing users to get approval from every
node on the tree before the quote can be processed through
the approval.

Quotes within known CPQ) systems are processed through
a customer defined workilow. This creates the steps that a
quote can occupy, the actions that will move between the
steps and the permission of each user able to view the quote
at each step. One such specialized step 1s the submit for
approval step. When that happens, the quote enters an
approval hierarchy. This hierarchy defines a tree of approv-
als that must happen 1n a specified order before the quote 1s
allowed to exit the pending approval state and be fully
approved. Every node 1n the tree has rules defined to specity
when that node should become active. For example, if a
quote has a discount exceeding 20%, a rule may state that the
quote needs managerial approval. This node only turns on
when that discount 1s exceeded. Otherwise the node 1s
bypassed.

In contrast to known CPQ systems, embodiments add a
machine learning component to the end user approvals
process to provide guidance on how the approval 1s likely to
flow. Embodiments further provide gwmdance on what
changes can be made to the quote to change the workilow of
the quote (e.g., reduce the time required for approval). The
guidance in embodiments 1s directed to the time an approval
takes and the likelihood of the quote to get approved.
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Embodiments provide functionality in three key areas to
increase and enhance end user knowledge about the state of
the quote: (1) Approvals status indication; (2) Approvals
likelihood 1ndication; and/or (3) Approvals time indication.

In embodiments, approvals take the form of a graph of
nodes. Every level of approval can include multiple nodes
and levels can be arranged in any order. A rejection 1n any
approval node will result 1n a rejection of the full quote.
Approval nodes must be navigated in order.

The approvals data are maintained in embodiments as a
step 1n the quote worktlow. That step has two outcomes (1.€.,
approved or rejected), and a time value (1.e., how long the
quote existed at this step). The quote also maintains the
attribute values of the quote at the time the quote moved nto
the pending approvals state. Attributes of the quote are any
information related to the product or service that 1s the
subject of the quote or the quote 1tself. Example attributes
include a discount percentage of the quote (i.e., a numerical
attribute), a line 1tem total, the state of the purchase (1.e., a
categorical attribute), the name of the person purchasing,
etc.

The following are examples of a quote and quote attri-
butes where approvals are triggered and can be enhanced
using the functionality of embodiments of the ivention:

Assume that a forklift 1s being sold by an equipment
manufacturer to a loyal customer. The sales user adds
a 35% discount for the customer because of their
loyalty. This 1s above the standard limit of a 20%
discount so direct manager approval 1s required.

Assume a gaming system 1s being sold. Due to the
technology embedded 1n the system, export laws may
be 1 eflect. When the quote enters approval, the
“Export” option 1s set to true, which triggers speciific
legal/security approval.

Assume a one ofl quote 1s being created for a customer
who recently completed a large bulk order. Because of
the previous order, the sales user selects the “Bulk
Discount” option. When this option 1s selected on
orders with fewer than 100 1tems, an approval from a
Vice President (*“VP) 1s required.

Assume a large order of generators 1s submitted to the
system consisting of more than 100 tons of product to
be shipped. This triggers an approval from the firm’s
logistics department to make sure the company 1s
capable to ship the requested items.

Assume several cranes are ordered requesting a special-
1zed high strength steel cable. The supply of this steel
cable 1s low. Therefore, the existence of this type of
cable 1n the parts list on the quote triggers approval
from the VP of the supply division of the company to
make sure the required materials are 1n stock.

Assume a sale 1s made for mining services with a foreign
government. When the quote 1s pushed to the approval
system, the fact that it 1s selling to a foreign govern-
ment triggers a specific Foreign Corrupt Practices Act
(“FCPA”) review approval step 1n the flow.

Embodiments feed this data into a machine learning
system to train the system. Specifically, embodiments feed
in a past historical set of all quote attributes (or a relevant
subset) and whether or not the quote was approved or the
time taken for the quote to be approved. In order to find the
relationship between attributes and approval likelithood (or
approval time), any machine learning system can be used 1n
embodiments. In one embodiment, the machine learning
system 1s a neural network of linear neurons. After training
the machine learning system, embodiments generate two
functions: one mapping the set of attributes “({a})” to the
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likelihood of getting an approval and one mapping the set of
attributes to the time that an approval will take. The func-
tions are defined as follows:

Likelihood=L({a}): Generated by the set containing all
quote attribute values and the approve/reject data for
cach quote.

Time=T({a}): Generated by the set containing all quote
attribute values and the approval step time length for
cach quote.

Both these functions are generated by the machine learning
algorithm and will relate a quote attribute vector to a
percentage likelithood of approval component or an absolute
time value.

In embodiments, the machine learning system that gen-
erates the above two functions does so with gradient descent.
Specifically, 1t iteratively calculates the gradient of the loss
function at each neuron and moves the coeflicient weights
for each input attribute 1n the direction of a smaller loss.
During training of a function f ({a}), for each input data
point passed in ({a'}), two elements are calculated:

1. The current function’s predicted value for {a'} (f ({a'})
and how much that value differs from the known value
associated to {a'} in the training data set. The difference
between the predicted value and the actual value 1s the error
of the function for the current iteration. The variables of any
loss function will 1n fact be the weights defined on each node
in the function’s neural network. That 1s, the loss function
will be a function of all of the node coethicients.

2. Since 1 ( ) 1s a known function (it 1s determined when the
topology of the network 1s chosen), the gradient of the loss
function can be calculated. To find where the minimum of
this loss function i1s (which 1n real terms 1s the best predicted
match of the function to the inputs), the coeflicients are
changed by a small amount 1n the most negative direction of
the gradient. That 1s, the function 1 ( ) 1s changed slightly as
determined by the gradient taken on the coethicients of the
function. Subsequently, a new function t _, () 1s determined.
The same process 1s repeated many times until the algorithm
1s able to come very close to making the error O.

As a result of the above, the optimal function 1s achieved.
Embodiments answer the question of, given the present
likelihood or time to approve values of each quote, what
changes can be made to the quote to make the likelihood or
time rise or fall. Since the gradient of the existing function
1s being calculated, attributes that would best influence the
dependent variables of likelihood and time can be calcu-
lated.

Therefore, embodiments calculate the real number gradi-
ent (which 1s the n-dimensional slope of the likelihood or
time prediction curve) and produce a weighted list for all
relevant attributes ol how significantly they influence the
outcome. With this information, embodiments display to the
user an indication of which changes should be made to the
quote for optimal approval length and provide next step
guidance to users. In general, the larger the gradient com-
ponent for each attribute’s weight, the more impact 1t has on
moving the likelihood or the time to approve values.

Example 1

As an example of an embodiment, assume the following
data set that includes 10 attributes, including categorical

attributes (C1-C4) and numerical attributes (N5-N10):
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96.89421913
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Cate- Cate- Cate- Output -
gory  gory  Categor gory Number Number Number Number Number Number Like- Output -
Cl1 C2 C3 C4 N5 N6 N7 N N9 N10 lthood  Time
0 7 3 0 3.787458108  32.12792726 78 44.87562694 290.9502401 47.06539502 0 —
1 7 3 7 3.120871341 7.970666955 88 14.77640024 555.2521601 15.5228988 0 —
1 7 4 0 4.868490562 6.221691269 98 88.26246109 116.1817146 60.16236017 0 —
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Category 2 (C2) and number 7 (N7) are the only two
components of real data in thus simplified example. The rest
are randomly generated noise 1n the example, because only
changes i C2 and N7 have any eflect on the output
likelihood value. Having noise shows how the algorithm can 15
discern the determining factors. The underlying relationship
in the above data 1s the following:

It C2 1s m (1, 3, 5, 6) and N7>40, the quote will be
approved. The time for approval i1s directly propor-
tional to the value of N7. 20

It C2 1s 1n (0, 2, 4, 7), the quote 1s not approved.

In the above example, there 1s a mixture of categorical and
numeric attributes getting fed into the machine learning
system. Different types of algorithms can be used for mod-
elling, as long as the gradient 1s measured at the end. In one 25
embodiment, a linear function 1s used to model with some
activation function that makes 1t easy to calculate the
gradient at the end. The data set 1n the above example 1s
relatively simple so learning will be quick and accurate. Real
world data 1s generally much more complicated, requiring a 30
larger network, but the same principle applies.

After the machine learning for determining the time to
approve the quote, as disclosed above, embodiments then
perform machine learning to determine the likelihood that
the quote will be approved. FIG. 2A illustrates a neural 35
network 1n accordance with embodiments of the imnvention.
Network 200 includes three layers: layer 201 has 4 linear
neurons, layer 202 has 2 linear neurons, and layer 203 has
a single neuron with a sigmoid activation function on 1t. The
input 220 includes 31 attributes, and the output 221 includes 40
a single number. In other embodiments, more complex
networks can be used, including networks where the linear
layers learn weights for the mputs and the sigmoid last layer
allows for a non-linear function. Other embodiments of
networks can, for example, have a non-linear node in the 45
network and the last layer could be any activation function
to map output to a O to 1 value range.

FI1G. 2B 1s a plot illustrating what 1s learned 1n accordance
to embodiments. In FIG. 2B, the x-axis 1s the row number
of the input data and the y-axis 1s the output likelihood. As 50
shown 1n FIG. 2B, the predicted and actual values lie nearly
on top of each other.

Embodiments next recommend which attributes to change
and what to do with them. This 1s considered “perfect
learning™ because the error in the machine learning came out 55
to be 0. It can perfectly predict all data points in the training
data set. The data that was passed 1n 1s very clean. At this
point, embodiments can allow for a selection of an input
variable and check what the gradient 1s at thus point. The
network that has been disclosed above reduces ultimately to 60
the following function:

fx)=1/(1+e" (Mx))

This 1s because linear functions of linear functions are
linear functions. The deep network of linear function can 65
therefore be represented as a single linear multiplier. In this
case, both M and x are vectors so X breaks down into (x1,

x2, X3, ..., xn)as does M. Therefore, Mx 1s really (M1, M2,
M3, ..., Mn). The gradient calculation for this function 1s:

J)=x)*(1-fx))*M

This derives from the defimition of the sigmoid function
(1/(1-e"x)) and the chain rule. More complicated, non-linear
networks will result 1n more complicated gradients,

FIG. 3 illustrates the gradient at a specific point 1n
accordance to embodiments for each of the attributes. There
are categorical and numeric attributes. For numeric attri-
butes (N5-N10), it 1s shown that N7 spikes high at 301.
There are two things to derive from FIG. 3. First, the
gradient value for the N7 attribute 1s large. This means that
as N7 changes those changes will have a high impact on the
likelihood of approval. Second, the value 1s positive, mean-
ing that as N7 rises so does approval likelihood. This 1s
consistent with expectations, as 1t 1s known that values of N7
below 40 are not approved, Categorical attributes can be
more dithcult. C2 has been split into 8 diflerent input
variables at 302, with each one being on or ofl (a one hot
encoded vector). The gradient for each one of these subcat-
cgories shows great vanation. The gradient component for
C2 has a highly negative value at (1,0,0,0,0,0,0,0), or 0, or
selecting O for that attribute (turning the “0 feature” on)
means that the likelihood of an approval will drop signifi-
cantly. For value 6 on C2, of (0,0,0,0,0,0,1,0) the gradient
component 1s positive, meaning that 1t positively influences
the approval.

The other categorical attributes have no differentiation
between the distinct values. There are no peaks 1n the
gradient curve, but a plateau. Similarly, for numeric attri-
butes that do not drive approval, their gradient component 1s
near 0, Therefore, attributes can be derived that drive the
likelihood of approval with the following rules:

For numeric attributes, gradient values for each attribute
(the derivative with respect to that attribute) that are
large 1n magnitude will have a large impact on the
approval value.

For categorical attributes, the attributes that are the high-
est driver of approval are those with the greatest
difference between the vector components of the mea-
sured gradient.

The following application of the Example 1 uses C2 and
N7 values, as all other attributes are meaningless as indi-
cated 1n FIG. 3:

1. C2=0, N7=30. Embodiments will predict an approval
likelihood of 3.48499E-40, which 1s very low. The
analysis of N7 recommends that its value get increased.
The analysis of C2 recommends that it go to the highest
derivative value (i.e., 6). If C2 1s changed to 6, the
approval likelihood rises to 0.17%. This 1s still very
low, but indicates that the example 1s on the cusp of
getting a good approval likelihood. If N7 1s raised from
0.3, to 0.4, the likelthood of approval rises to 99.86%,
which 1s good.

2. C2=1, N7=30. The predicted likelihood for this sce-

nario 1s 5.42179E-08, which 1s very low. Embodiments
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will recommend that N7 increase 1n value. The higher
the N7, the higher the approval likelithood. When
looking at C2, 1t will determine that the optimized value
of C2 1s 6, but the difference 1n their individual gradient
components 1s small so the recommendation 1s weak.
Instead, embodiments will Just recommend N7 to go
higher. If N7=40, there 1s a 2.21% likelthood of
approval. If N7=45, there 1s a 93.60% likelihood of
approval.
3. C2=6, N7=70. The predicted likelihood for this sce-
nar1o 1s an approval 100% of the time. The gradient will
actually be 0 1n all cases (see gradient formula above)

SO no recommendation can be made.
4. C2=6, N7=50. This predicts an approval likelihood of

99.9999997%. The gradient will not be O, but be very

small. In this case, embodiments will still recommend 1°

increasing N7, but the increase will be a weak recom-
mendation.

From the above examples, it 1s shown that the scale of the
gradient does not change shape, but does 1n fact change

Category  Category Categor Category
Cl1 C2 C3 C4
0 1 3 0
1 1 2 3
2 1 2 1
2 1 5 0
0 1 2 1
1 1 2 0
2 3 1 6
0 3 0 1
2 3 0 7
0 3 1 0
2 3 0 4
2 3 0 7
1 S 4 1
1 S 5 0
1 S 1 1
1 5 4 0
2 5 0 7
2 5 2 5
1 6 3 0
0 6 4 5
0 6 4 3
1 6 4 1
1 6 0 3
0 6 3 2
0 ’ 3 0
1 2 3
2 1 2 1
2 1 5 6
0 1 2 1
1 1 2 0
2 3 1 0
0 3 0 1
2 3 0 7
0 3 1 0
2 3 0 4
2 3 0 7
1 5 4 1
1 5 5 6
1 S 1 1
1 5 4 0
2 5 0 7
2 S 2 5
1 6 3 0
0 6 1 5
0 6 4 3
1 6 4 1
1 6 0 3
0 6 3 2

12

magnitude. This 1s a consequence of the simplicity of the
model used 1n the examples. However, in embodiments that

use more complex models, t

11s may not be the case. In

general, embodiments not only learn the approval likel:-
> hood, but give a recommendation about the actions to take

to 1ncrease it.

Example 2

10

In

Example 2, the same dataset from

Example 1 1s used

but the analysis 1s for the purpose of determiming the time to
approve a quote. In this embodiment, the learning algorithm
1s changed from a categorical learning algorithm to learning

a trend line of the data. In this embodiment, for all of the data

that are not approved because i1t the quote was never
approved, the approval time has no meaning. In this example
some extra data 1s added to the set from Example 1 to learn

L ] e

on that will have some di

Number
N5

7.208027
9.203772
0.875848
0.541092
5.12499%
9.542°795
4.726675
9.555522
0.495636
0.751326
6.237391
0.238208
2.266866
3.051407
3.105064
2.199206
0.564856
5.648447
2.40397

5.330856
3.529218%
5.661197
1.936352
1.767537
7.208027
9.203772
0.87584%
0.541092
5.12499%
9.542795
4.726675
9.555522
0.495636
0.751326
6.237391
0.238268
2.266866
3.051407
3.105064

2.199206
0.564856
5.0648447
2.40397

5.330856
3.529218
5.601197
1.936352
1.767537

Number
N6

82.13275
956518
94.41892
83.22809
3.119086
7772751
3.059526
10.39694
22.76949
71.10343
46.48729
96.98076
96.31761
20.2°75060
19.67657
97.20728
12.91607
48.22651
23.35717
1.190311
9.5443472
1.007811
8.484136
72.44686
82.13275
9.56518
94.41892
83.22869
3.119086
77.72751
3.059526
10.39694
22.76949
71.10343
46.48729
96.98076
96.31761
20.2°7506
19.67657

97.20728
12.91607
48.22651
23.35717
1.190311
9.5443472
1.007%811
8.484136
72.44686

Number
N7

50
60
70
80
90
100
48
5%
68
78
88
9%
50
60
70
80
90
100
42
52
62
72
82
92
10
20
30
80
90
100

1%
2%
3%
88
0%
50
60
70
80
90

100

12
22
72
82
92

Number
N8

99.46205
9541336
11.07896

0.682563

32.54647
78.2877

43.23626
53.78839
63.24197
22.58962
93.43233
58.82813
36.82894
2942651
27.27733

44.46676
14.67403
39.85244
37.54332
28.6943

8.3841&9

73.41749
28.90585
23.59219
99.46205
9541336
11.07896

0.682563

32.54647
782877

43.23626
53.78839
03.24197
22.58962
93.43233
58.82813
36.82894
2942651
27.27733

44.46676
14.67403
39.85244
37.54332
28.6943

8.3841%9

73.41749
28.90585
23.59219

erent values for N7:

Number Number
N9 N10
329.6829  73.97227
592.0796 25.45766
913.0914 18.96652
47.60813 99,6458
556.2995 0.449008
745.5394  26.13156
464.6885 15.25987
703.9343  69.54174
711.8418 42.45497
526.9667 63.65593
669.0007 82.12466
358.2252  91.69767
9494385 57.11249
906.9905 34.24244
539.5348 76.87418
771.6103 57.26193
801.3764 27.59289
820.7555 49.8088
043.6239 7.299102
16.15862 12.90661
515.5627 8.713614
795.7179  81.2655
920.911 0.104209
916.3472 99.01434
329.6829  73.97227
592.0796 25.45766
913.0914 18.96652
47.60813 99.6458%
556.2995 0.449008
745.5394  26.13156
464.6885 15.25987
703.9343  69.54174
711.8418 42.45497
526.9667 63.65593
669.0007 82.12466
358.2252  91.69767
0494385 57.11249
906.9905 34.24244
539.5348 76.87418
771.6103  57.26193
801.3764 27.59289
820.7555 49.8088
943.6239 7.299102
16.15862 12.90661
515.5627 8.713614
795.7179  81.26355
920.911 0.104209
016.3472 99.01434

Qutput -
Time

—t

 —
O ND 20 =1 Oyt B D ND 20 =] Oy D o0 -] Oyt B D ND Q0 ] Oy A

N
-

- Lad
= o ND oo O

b I a
S R

OO0 0 Oy A N oo O

10
60
50
40
7
8
9



US 11,615,289 B2

13

This 1s the same data set as 1n Example 1 above, but
includes some extra records where N7 1s less than 40, Since

these lines are not optimal, the time of approval 1s high. In
order to learn this, the neural network 1s revised to a more
complicated definition in contrast to Example 1.

FIG. 4 A 1llustrates a neural network 400 that can be used
to predict approval time to approve a quote 1n accordance to
an embodiment of the invention. In comparison to network
200, network 400 1s a more complex network. The output
401 1s not necessarily linear so a non-linear component 1s
added to network 400. In the first layer 402 of the network,
tan h nodes (1.e., non-linear components) are followed by
linear nodes in the second layer 403, 404. This ensures that
the non-linear function can be modeled and the linear nodes
make sure a full function map to the output can be per-
formed. As a result, output 401 gets modelled with this
network as shown 1n graph 441 1n FIG. 4B (reordered to be
an mcreasing graph (1.e., would look similar to the graph of
FIG. 2B if the data was ordered differently in the x-axis)).

As shown, network 400 has learned the trend well. The
gradient of this function 1s such that 1t 1s significantly
different depending on the particular point because the tan h
function does not have a constant gradient. Looking at the
value at individual ponts, one would expect to see the
attribute with the greatest gradient to be the one where a
change will aflect the output to the greatest extent. For

example, looking at a test point that maps to 20 days as
shown on graph 501 of FIG. SA:

Input: 1,1,2,3,1.486538744,71.60306092,36,4.9964229359,
341.2976196,56.0979154,20

There 1s a spike 1n attribute N7 (at 505). That means that this
attribute 1s going to be the biggest impact on the output. This
1s what 1s expected based upon the relationship that was
coded into the input data. Graph 502 of FIG. 3B displays
another nput:

Input: 0,2,3,1,6.505569615,79.42243533,45,56.91429068,
128,577184,37.55258624.4

Here, the curve looks very similar, but the scale here is
completely different. N7 spikes above all other attributes (at
515), but the magnitude of all attributes 1s reduced. This 1s
because the level that 1s being modeled to 1s smaller.

As shown 1n FIGS. 5A and 3B, this 1s a simple relation-
ship. There are no other attributes to learn a relationship with
since N7 1s the sole driver 1n this scenario. However, as can
be seen at all points (2 examples included) N7 stands above
other attributes on the gradient graph, meaning that it 1s the
attribute that would be singled out to recommend a change
in order to change the approval time value. Therefore, for an
approvals type question, an action recommendation can be
determined from the overall gradient calculation.

Approval Status Indicators

Embodiments provide the user viewing the quote with a
visual indication of the route that 1s required for the quote to
become approved. Users ready to submit for an approval
will benefit from a visual inspection of the approval tree to
see which nodes 1n the tree will be active for approval. The
core components are a visual display of the complexity of
the hierarchy showing each node. The tree object can be
drilled 1nto to view details about the approvers and the rules
that have kicked off to active that node.

FIGS. 6A-6C 1illustrate graphical user interfaces that are
presented to a user as part of the quote approval process in
accordance to one embodiment. As shown 1in FIG. 6A, an
icon 1ndicator 1s rendered on an Approval tab 601. If all
approval requirements have been satisfied (including if no
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approvals are needed) then the icon 1s a green checkmark. If
one or more approvals are required then the 1con 1s a

warning indicator, as shown 1n FIG. 6A.
Within the contents of the Approval tab (FIGS. 6B and
6C) a hierarchical graph 602 or 603 1s rendered to show the

status of approval requirements. Each approval step corre-
sponds with an icon 1n a lierarchical graph. In addition to
color as an indicator of status, a user can focus, click, and
mouse-over the icons to view a tooltip with full information.
As an example, Grey can indicate that approval 1s required
(the reason evaluated to true), and no action has yet been
returned. Green can 1ndicate the approval has been satisfied
(approved or none needed). Red can indicate that an
approval step was rejected.

As disclosed above, the approvals likelihood 1ndication 1s
a machine learned value. The approval server/system will
look upon historical data to learn a trend of how 1nput
attributes will aflect the output likelihood of getting an
approval. In addition to giving a value for the likelihood of
an approval for the quote overall, embodiments will show
how to change and the direction to change specific attribute
values to increase the likelihood of getting an approval.

Similarly, the approvals time 1ndication 1s also a machine
learned value and will display to the user the anticipated
time that 1t will take to get an approval of a quote.

As disclosed, for the approvals likelihood and time 1ndi-
cators, a neural network model 1s generated. Input 1n this
scenario will be the list of all appropriate attributes on the
quote that 1s entering the approval stage. Further, 1n embodi-
ments, clearly non-determiming attributes are excluded. For

example, in one embodiment the following attributes are
cleansed ofl of the quote:

HTML attributes.

RTE attributes.

Distinct ID attributes (quote 1D, document ID, etc. . . . ).

Constant attributes (attributes the same on every quote).

Once this cleansing 1s complete, the remaining attributes
will be a subset ready to be fed into the neural network
learning system. In embodiments, numeric attributes need to
be normalized to be between 0 and 1 and categorical
attributes needs to be turned 1nto one hot encoded vectors.
As an example of a hot encoded vector, assume that an
attribute for hair color that can be Brown, Black, or Blonde,
for a categorical attribute with 3 categories. It could be
represented numerically many ways. For example, Brown
can be mapped to 1, Black to 2, and Blonde to 3. However,
a machine would learn that Blonde>Black>Brown by the
nature of how they have been mapped. This 1s undesirable
because that relationship does not exist. Instead, embodi-
ments map them to a one hot encoded vector, which will
establish a component for each attribute and 1t will be a O 1f
1t 1s not selected or a 1 11 1t 1s. In that case Brown 1s [1,0,0],
Black 1s [0,1,0], and Blonde 1s [0,0,1].

For approval likelthood, using a one hot encoded vector
for categorical mputs works well into a standard logistic
regression. The depth and width of the network will depend
upon the complexity of the mput. In one embodiment, the
initial network layer requires at least as many nodes as
inputs, and there 1s no need for more than 3 layers to get
acceptable learning rates 1n all cases.

As disclosed, mapping time to approval can be a more
complicated network. This 1s not a linear regression problem
because the relationship to attributes will not be linear. The
real trend line will look more like a step function as
attributes will trigger a new approval node once they exceed
a rule specified value, adding in a new step 1n approval.
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Therefore, a non-linear network 1s used to model. The width
of the network should be as big as the list of attributes.

In embodiments, for predicting likelihood of approval, a
history of failed approvals first needs to be stored. From the
history of failed and successtul quotes, embodiments can
learn what quotes are most likely to get approved and then
provide a predictor on a quote for how likely it 1s to be
approved. Users can use this value to get insight into what
they should do to the quote to make approval more likely.

Embodiments also are able to make a recommendation for
what attributes could be changed to make the approval most
likely to get approval.

In embodiments for approval likelihood, the neural net-
work 1s a standard binary network. Because win rate quotes
can be mapped to either a win or a loss, so too can an
approval action map to either an approve or reject. Embodi-
ments use a logistic regression where the mnput 1s the set of
attributes on the quote at the time when the approve or reject
took place.

Embodiments receive historical data for both approved
and rejected quote and that data undergoes a process of
preparation before they can be fed into the learning network.
Next, this input 1s fed into the logistic regression.

FIG. 7A 1llustrates example graphical user interfaces that
provide the output of approval likelihood to the user in
accordance to embodiments. The output may be provided as
a bar gauge 701 or a circular gauge 702, and may be
implemented using a JET UIL.

Embodiments also maintain the length of time for an
approval from the worktlow. This data can be used to
measure the time that it took for approved quotes to go from
submitting the approval to the approval getting completed.
With this data, embodiments learn how long a quote 1is
expected to be 1n approval based upon the current quote’s
attributes. The approval time can be broken down to show
the time to approve on every step in the approval.

Time approval prediction 1s also a machine learming
system. The mput variables are attributes on the quote and
the output will be a single numeric value which will be the
anticipated time the approval will take. For training,
embodiments consume variables of approved quotes for
input and the time taken to go through the submitted step to
the finalized step 1in the worktlow table. Previous rejections
can be 1gnored. It 1s assumed that no changes were made to
the quote after the quote was approved. Only the data
showing the approval time need to be pulled from the
historical record with the approval system and pre-processed
before they are fed into the machine learning network in
embodiments.

In embodiments, the data model for determining the
approval time 1s a linear regression model. Embodiments
create a linear model mapping all quote attributes into the
model. They will be mapped to the approvals time from the
above query.

FIG. 7B 1llustrates example graphical user interfaces that
provide the output of predicted approval time to the user in
accordance to embodiments. The output may be provided as
a bar gauge 711 or a circular gauge 722, and may be
implemented using a JET UIL.

FIG. 8 1s a flow diagram of the high level functionality of
quote approval module 16 of FIG. 1 when providing
enhanced quote approval functionality for a CPQ 1n accor-
dance with one embodiment. In one embodiment, the func-
tionality of the flow diagram of FIG. 3 1s implemented by
software stored in memory or other computer readable or
tangible medium, and executed by a processor. In other
embodiments, the functionality may be performed by hard-
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ware (e.g., through the use of an application specific inte-
grated circuit (“ASIC”), a programmable gate array
(“PGA”), a field programmable gate array (“FPGA”), etc.),
or any combination of hardware and software.

At 802, a configurator generates a quote for a product or
service configuration. The quote 1s generated through user
interaction with the configurator and includes a quote work-
flow that includes at least one required quote approval. The
quote also includes a plurality of quote attributes that define
the quote.

At 804, the quote attributes are mput to at least two
different trained neural networks (i.e., neural network mod-
¢ls). One of the neural network has been trained using past
quotes and attributes and 1s configured to predict the like-
lihood that a quote will be approved. One of the neural
network has been trained using past quotes and attributes
and 1s configured to predict the time required for the quote
to be approved.

At 806, the neural networks generate the likelihood that a
quote will be approved and the time required for the quote
to be approved, each of which i1s generated with gradient
descent.

At 808, each of the neural networks generate the attributes
with the largest gradient values to i1dentity those attributes
that can be modified to substantially change either the
likelihood that a quote will be approved or the time required
for the quote to be approved.

At 810, one or more of the 1dentified attributes at 808 are
changed and the likelihood that a quote will be approved
and/or the time required for the quote to be approved are
recalculated.

As disclosed, embodiments include a configuration or
CPQ system that 1s enhanced to provide to the user predic-
tion on the likelithood that a quote will be approved and the
time required for the quote to be approved based on machine
learning and neural networks. Further, embodiments provide
one or more attributes having a high gradience to inform that
user that changing those attributes will have large impact on
the predictions.

Several embodiments are specifically illustrated and/or
described herein. However, 1t will be appreciated that modi-
fications and variations of the disclosed embodiments are
covered by the above teachings and within the purview of
the appended claims without departing from the spirit and
intended scope of the invention.

What 1s claimed 1s:

1. A method of operating a configurator comprising:

generating a quote for a product or service configuration,
the quote comprising a quote workilow that includes at
least one required approval of the quote before the
quote can be 1ssued and the product or service con-
figuration 1s offered for sale 1 a form of the quote, the
quote comprising a plurality of quote attributes that
define the quote and are provided as mput to determine
the at least one required approval;

receiving a historical set of quote attributes corresponding
to a plurality of previous quotes and comprising a
corresponding determination of whether each of the
previous quotes was approved and/or a time taken to
approve each of the previous quotes;

using the historical set of quote attributes to train a first
neural network model and a second neural network
model;

inputting the plurality of quote attributes into the first
neural network model and a second neural network
model;
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generating at the first neural network model with a
gradient descent a likelihood that the quote will be
approved and at the second neural network model with
the gradient descent a time required for the quote to be
approved, wherein the gradient descent 1teratively cal-
culates the gradient of a loss function at each neuron
and moves coetlicient weights for each input attribute
in a direction of a smaller loss;

generating one or more attributes with the largest gradient
values for the likelihood that the quote will be approved
and the time required for the quote to be approved;

based on the gradient values, displaying an indication of
changes to be made to the quote to optimize an
approval length; and

in response to the display, receiving a change to one or
more of the attributes and regenerating the likelihood
that the quote will be approved and/or the time required
for the quote to be approved based on the change.

2. The method of claim 1, wherein quote approvals of the

quote comprise a graph of nodes.

3. The method of claim 1, wherein the quote attributes
comprise at least one categorical attribute and at least one
numeric attribute.

4. The method of claim 1, wherein the first neural network
model comprises three layers, wheremn two of the layers
comprise linear neurons and a final layer comprises a
sigmoid activation function.

5. The method of claim 4, wherein the first neural network
model comprises f(x)=1/(1+e (Mx)) having a gradient com-
prising I'(x)=1(x)*(1-1(x))*M, wherein “” 1s a function, and
“M” and “x” are vectors and “e” 1s a mathematical constant.

6. The method of claim 1, wherein the second neural
network model comprises three layers having a first input
layer comprising non-linear components and a second and
third layer comprising linear components.

7. The method of claim 3, wherein the at least one numeric
attribute 1s normalized to be between O and 1 and the at least
one categorical attribute 1s transformed 1nto one hot encoded
vectors.

8. A non-transitory computer readable medium having
instructions stored thereon that, when executed by a proces-
sor, cause the processor to operate a configurator, the oper-
ating comprising:

generating a quote for a product or service configuration,
the quote comprising a quote workilow that includes at
least one required approval of the quote before the
quote can be 1ssued and the product or service con-
figuration 1s offered for sale 1n a form of the quote, the
quote comprising a plurality of quote attributes that
define the quote and are provided as iput to determine
the at least one required approval;

receiving a historical set of quote attributes corresponding
to a plurality of previous quotes and comprising a
corresponding determination of whether each of the
previous quotes was approved and/or a time taken to
approve each of the previous quotes;

using the historical set of quote attributes to train a first
neural network model and a second neural network
model;

inputting the plurality of quote attributes into the first
neural network model and a second neural network
model;

generating at the first neural network model with a
gradient descent a likelihood that the quote will be
approved and at the second neural network model with
the gradient descent a time required for the quote to be
approved, wherein the gradient descent 1teratively cal-
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culates the gradient of a loss function at each neuron
and moves coellicient weights for each input attribute
in a direction of a smaller loss;
generating one or more attributes with the largest gradient
values for the likelihood that the quote will be approved
and the time required for the quote to be approved;

based on the gradient values, displaying an indication of
changes to be made to the quote to optimize an
approval length; and

in response to the display, receiving a change to one or

more of the attributes and regenerating the likelithood
that the quote will be approved and/or the time required
for the quote to be approved based on the change.

9. The non-transitory computer readable medium of claim
8, wherein quote approvals of the quote comprise a graph of
nodes.

10. The non-transitory computer readable medium of
claim 8, wherein the quote attributes comprise at least one
categorical attribute and at least one numeric attribute.

11. The non-transitory computer readable medium of
claim 8, wherein the first neural network model comprises
three layers, wherein two of the layers comprise linear
neurons and a final layer comprises a sigmoid activation
function.

12. The non-transitory computer readable medium of
claim 11, wherein the first neural network model comprises
f(x)=1/(1+e (Mx)) having a gradient comprising f'(x)=f(x)*
(1-1(x))*M, wherein “f” 1s a function, “M” and “X” are
vectors and “e” 1s a mathematical constant.

13. The non-transitory computer readable medium of
claim 8, wherein the second neural network model com-
prises three layers having a first mput layer comprising
non-linear components and a second and third layer com-
prising linear components.

14. The non-transitory computer readable medium of
claaim 10, wherein the at least one numeric attribute i1s
normalized to be between 0 and 1 and the at least one
categorical attribute 1s transformed into one hot encoded
vectors.

15. A product configurator comprising;

a first neural network model;

a second neural network model; and

one or more processors configured to:

generate a quote for a product or service configuration,
the quote comprising a quote worktlow that includes
at least one required approval of the quote before the
quote can be 1ssued and the product or service
configuration 1s offered for sale 1n a form of the
quote, the quote comprising a plurality of quote
attributes that define the quote and are provided as
input to determine the at least one required approval;

receive a historical set of quote attributes correspond-
ing to a plurality of previous quotes and comprising,
a corresponding determination of whether each of
the previous quotes was approved and/or a time
taken to approve each of the previous quotes;

use the historical set of quote attributes to train the first
neural network model and the second neural network
model:;

input the plurality of quote attributes into the first
neural network model and the second neural network
model;

generate at the first neural network model with a
gradient descent a likelihood that the quote will be
approved and at the second neural network model
with the gradient descent a time required for the
quote to be approved, wherein the gradient descent
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iteratively calculates the gradient of a loss function at
cach neuron and moves coellicient weights for each
input attribute 1n a direction of a smaller loss;

generate one or more attributes with the largest gradient
values for the likelthood that the quote will be
approved and the time required for the quote to be
approved;

based on the gradient values, display an indication of

changes to be made to the quote to optimize an
approval length; and
in response to the display, receive a change to one or
more of the attributes and regenerating the likelihood
that the quote will be approved and/or the time
required for the quote to be approved based on the
change.
16. The product configurator of claim 15, wherein the
quote attributes comprise at least one categorical attribute
and at least one numeric attribute.
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17. The product configurator of claim 15, wherein the first
neural network model comprises three layers, wherein two
of the layers comprise linear neurons and a final layer
comprises a sigmoid activation function.

18. The product configurator of claim 17, wherein the first
neural network model comprises {(x)=1/(1+e"(Mx)) having
a gradient comprising I'(x)=1(x)*(1-1(x))*M, wherein “1” 1s
a function, and “M” and “X” are vectors and “e” 1s a
mathematical constant.

19. The product configurator of claim 15, wherein the
second neural network model comprises three layers having
a first input layer comprising non-linear components and a
second and third layer comprising linear components.

20. The product configurator of claim 16, wherein the at
least one numeric attribute 1s normalized to be between 0
and 1 and the at least one categorical attribute 1s transformed
into one hot encoded vectors.
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UNITED STATES PATENT AND TRADEMARK OFFICE
CERTIFICATE OF CORRECTION

PATENT NO. : 11,615,289 B2 Page 1 of 1
APPLICATIONNO.  :16/021245

DATED : March 28, 2023
INVENTOR(S) : Wilkins et al.

It is certified that error appears in the above-identified patent and that said Letters Patent is hereby corrected as shown below:

In the Specification

In Column 4, Line 31, delete “soft are” and insert -- software --, therefor.

In Column 10, Line 28, delete “approved,” and insert -- approved. --, therefor.
In Column 10, Line 43, delete “0.” and nsert -- 0. --, therefor.

In Columns 11-12, Line 41, delete “4” and insert -- I --, therefor.

In Column 13, Line 2, delete “40.” and insert -- 40. --, therefor.

Signed and Sealed this
Thurteenth Day of February, 2024

Katherme Kelly Vidal
Director of the United States Patent and Trademark Office
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